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Abstract Several countries have been successful in constraining the severity of COVID-19
pandemic via “lockdown”, but it cannot be used as a longtime measure because of enormous
socio-economic side-effects. An abrupt ending of lockdown can increase the basic reproduc-
tive number and undo everything; therefore, carefully designed exit strategies are needed
to sustain its benefits post upliftment. To study the role of fear conditioning on mitigat-
ing the spread of COVID-19 in post-lockdown phase, in this work, we propose an age and
social contact structures dependent Susceptible, Feared, Exposed, Infected and Recovered
(SFEIR) model. Simulating the SFEIR model on Indian population with fear conditioning
via mass media (like, television, community radio, internet and print media) along with
positive reinforcement, it is found that increase in fraction of feared people results in the
significant decrease in the growth of infected population. The present study suggests that,
during post-lockdown phase, media induced fear conditioning in conjunction with closure of
schools for about one more year can serve as an important non-pharmaceutical intervention
to substantially mitigate this pandemic in India. The proposed SFEIR model, by quantifying
the influence of media in inducing fear conditioning, underlies the importance of community
driven changes in country specific mitigation of COVID-19 spread in post-lockdown phase.
I. INTRODUCTION
Originating in the Wuhan city of China with its first case reported in December 2019 [1], the
recently emerged pandemic COVID-19 due to novel severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2) virus has claimed more than 210,000 human lives worldwide as of 28th April, 2020
[2]. By now, this pandemic has severely affected various countries across the globe forcing more
than one-third of the world population into a condition of lockdown, i.e. suppression of peoples
gatherings in any form that includes shutting down of schools, workplaces and public transports
etc.. Although, lockdown is playing a very important role in controlling the number of infections
and mitigating the epidemic, it is not an economically viable solution, and therefore can not be
sustained for long. Designing of strategies about the implementable exit scenarios and developing
a blueprint of the social life in post-lockdown phase, until vaccine or treatment becomes available,
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2is the utmost need of the hour [3, 4].
Fear is thought to have complementary effects on social interactions. It is reported that both
social interactions and anxiety levels are controlled by projections from basolateral amygdala to
medial prefrontal cortex [5]. Inhibition of this projection via opto-genetics is found to decrease
anxiety levels and increase social interactions in mice. Thus, information based fear conditioning
can serve as an important method in conjunction with other methods that can increase social
distancing and precautionary behaviour. Fear conditioning, a subtype of classical conditioning
[6], is defined as a relationship developed between aversive events and an environmental stimuli
by an individual [7, 8]. For example, in case of COVID-19, an individual can be considered
fear conditioned if he establishes relationship between illness and touching of surfaces in public
place. Thus, he starts considering exposure to surfaces in public place as an exposure to virus
itself. For fear conditioning to happen, an unconditional stimuli (exposure to virus in the current
example) is to be paired with a conditional stimuli (touching surfaces in public space). Once
this learning has taken place, conditional stimuli (surfaces in public place) will also elicit the
same response in an individual even in the absence of unconditional stimuli. If the individual is
subjected to conditional stimuli without unconditional stimuli for long time, the learned behavior
starts diminishing. Therefore, a term “fear-time” is defined as the time it takes for behaviour
due to fear conditioning gets extinct. Operant conditioning is defined as a kind of learning in
which a behavior is enhanced or reduced by methods of punishment or reinforcement. Positive
reinforcement happens when a person is rewarded for a certain behavior and thereby encourages
him to repeat the same behavior. For example, in case of COVID-19, if an individual having a
belief that touching surfaces in public places is wrong is rewarded can increase the fear-time.
In this work, we propose a model to examine the role of fear in managing the COVID-19 spread
in post-lockdown phase, with media induced fear conditioning in conjunction with operant con-
ditioning as one such prospective method. Fear, in the present work, is defined as learning of
relationship between COVID-19 (aversive event) and the various ways through which it can spread
(stimuli). This can be learned by various means like seeing a person who is suffering from COVID-
19 but the fastest way for such conditional learning is through mass media. Media influence plays
a significant role in spreading useful information through various sources, like, television, commu-
nity radio, internet and print media (such as, newspapers, magazines) etc., resulting in changed
behaviour of a community. Individuals who interact quite frequently have stronger connection to
influence others, and pass on the similar information among them [9, 10]. Therefore, the model
developed in this paper examines the media induced fear on epidemic progression by hypothesizing
that inducing fear conditioning and increasing its fear time by operant conditioning via mass media
(television, community radio, internet and print media) will have a negative effect on progression of
COVID-19. As we are only considering positive reinforcement; three terms, operant conditioning,
reward, and positive reinforcement have been used interchangeably throughout this paper.
Rest of the paper is organized as follows: in the Methods section, we detail the design prin-
3ciples of proposed age- and contact-structure dependent SFEIR (Susceptible, Feared, Exposed,
Infected and Recovered) model and discuss about the data sources, assumptions made as well
as the simulation protocol. In the Results section, simulation outcomes of the developed SFEIR
model incorporating fear conditioning via mass media in Indian population are presented and their
implications are elaborated. We first compare the simulations of SFEIR model with the classical
SEIR models (not having fear conditioning) with or without lockdown, and then study the effect of
varying the impact of fear conditioning and reward parameters. We then study the effect of school
closure and increased fear conditioning on people of age 10-59 years in the spread of COVID-19
during post lockdown phase. Finally, we conclude with the discussions and potential policy per-
spectives of the present work on the influence of media on collective psychology of a community to
counter COVID-19 progression in the post-lockdown phase.
II. METHODS
A. Construction of SFEIR model
To study the effects of fear conditioning via mass media in countering post-lockdown spread
of COVID-19 infections, we have developed an age- and contact-structured Susceptible Feared
Exposed Infected Recovered (SFEIR) model shown in Fig. 1. A susceptible person can be exposed
to infection either directly or after moving into the fear compartment [11]. Feared individuals are
less social [5] and take more precautions, and therefore will have lower probability of transmission
(βF ) as compared to individuals in susceptible group (β). Feared individuals recover from fear with
fear recovery rate γF and move back into susceptible compartment. γF is inversely proportional to
fear time T . Once exposed, the rate of getting infected by pathogen is γE and the rate of recovery
is γP .
FIG. 1: Flow diagram of the proposed SFEIR model. It consists of 5 compartments viz,
Susceptible, Feared, Exposed, Infected and Recovered, and in each compartment, people
belonging to all the 16 age groups may exist.
4While formulating the SFEIR model, age- and social contact-structures are incorporated as
detailed in [12, 13]. In the age-structured population, first group consists of individuals of age
(0 − 4) years, second group is of age (5 − 9) years, and so on, till group 16th that consists of
individuals of age (75 − 79) years. It is considered that susceptible individuals can develop fear
through various media platforms, like, television, community radio, internet, print media etc. in
the post-lockdown phase. Considering Si, Fi, Ei, Ii and Ri as the variables representing the number
of individuals belonging to ith age group in Susceptible, Feared, Exposed, Infected and Recovered
compartments, respectively, the generalized age- and social contact-structured SFEIR model is
given as:
dSi
dt
= −λiSi − µiSi + γF (t)Fi
dFi
dt
= µiSi − λFiFi − γF (t)IFi
dEi
dt
= λiSi + λFiFi − γEEi
dIi
dt
= γEEi − γP Ii
dRi
dt
= γP Ii
(1)
where,
µi =
M∑
m=1
κim(t) ∗ ρim(t) ∗ σim(t)
βF = βmin + (β − βmin)e−µi.(t−t1)
γF =
1
TC + [r ∗ τ ∗ (1− e−tτ )]
λi = β
N∑
j=1
[CHij + C
W
ij + C
S
ij + C
O
ij ] ∗ (
Ej
Nj
)
λFi = βF
N∑
j=1
[CHij + C
W
ij + C
S
ij + C
O
ij ] ∗ (
Ej
Nj
)
Ni = Si + Fi + Ei + Ii +Ri
The rate of fear conditioning in age group i, µi, is considered as a product of following three
terms,
(i) κim: fraction of people who are fear conditioned by media m in age group i out of people
who trust media m in age group i.
(ii) ρim: fraction of people who trust media m in age group i out of people who are exposed to
media m in age group i.
(iii) σim: fraction of people who are exposed to media m in age group i per day out of total
population in age group i.
5and is given as,
µi =
M∑
m=1
κim(t) ∗ ρim(t) ∗ σim(t) (2)
where, m represents the type of mass media (i.e. television, community radio, internet or print
media) and M represents the number of mass media types. Since in this work four types of mass
media are considered, so M=4. In the condition of condition µi = 0, i.e. if rate of fear conditioning
is zero, for every group i, SFEIR will get reduced to an age- and contact-structured SEIR model
which will be a variant of classical SIR model [12, 14]. In this scenario, variables βF and γF will
have no effect on the resulting dynamics.
Susceptible person in group i can move into exposed group after coming in contact with exposed
individual with probability of transmission β and contact matrix Cij defined as per [12]. We
consider β as a time dependent parameter along the lines of [15, 16]. Fearful individual in group
i will be exposed with a reduced probability of transmission βF . Probability of transmission of
feared individual to the exposed group is also taken as time-dependent, as it shall decrease with
the increase in the number of individuals in fear group. Hence, rate of decrease in probability of
transmission (βF ) should be proportional to the rate of fear conditioning (µi). We model the βF
as,
βF = βmin + (β − βmin)e−µi.(t−t1) (3)
where, βmin is minimum probability of transmission in fear group and t1 is the start time of
implementation of fear model.
Fear time T is defined as the average time-interval an individual spends being fear conditioned
i.e. the average time from induction of fear conditioning to its extinction. Reinforcement is known
to modulate conditioned behaviour [17], and therefore it is considered that if fear beliefs are
rewarded, fear time will increase. Fear time (T ) is the sum of following two components:
(i) A constant term, in the absence of any reinforcement, (TC), and,
(ii) A variable term, depending on the positive reinforcement through reward of beliefs, (TR).
T = TC + TR (4)
Rewards can increase the frequency of a desired behavior as well as prohibit it from getting
extinct, and are quantified by a reward (utility) function [18]. A reward (utility) function, r(t),
maps the effect of reward on the behavior of an individual in a physical world to the real numbers
(IR). In this work, behavioral response is quantified using fear time (T ), which has two parts:
TC and TR. Fear time of individuals will be directly proportional to the rewards associated with
their beliefs e.g. a praise from social, religious or political leaders for maintaining social distancing.
We define a reward function, r(t), that has the capability to modulate reinforced fear time, TR.
In its general formulation, a reward function will be time-dependent complex function because
6effect of rewards are also dependent on several factors, like, when it is given, how it is given,
expectation of reward, etc. [17–19]. However, for simplicity, the reward function r(t) is used as a
time-independent constant parameter in the SFEIR model and is termed as a reward parameter r.
As no particular method of reinforcement is used in this paper, the reward parameter r is treated
as an abstract quantity that can modulate TR in following three ways:
(i) Reinforced fear time (TR) increases if r is present, therefore the change in TR is considered
to be directly proportional with the change in r.
(ii) Even in the presence of reward parameter r, TR cannot continuously keep on increasing and
must saturate at some level.
(iii) If reward parameter r becomes zero at time t, TR should start decreasing from time t onwards
with time constant τ .
Therefore, TR is modelled using the following differential equation:
dTR
dt
= r − TR
τ
(5)
Solving the above equation returns the following expression of TR,
TR = r ∗ τ ∗ (1− e
−t
τ ) (6)
And, the rate of recovery from fear conditioning, γF , becomes:
γF (t) =
1
(TC + TR(t))
=
1
TC + [r ∗ τ ∗ (1− e−tτ )]
(7)
Partitioning the social contacts of individuals into home, workplace, school and other categories
[12], following contact matrices are used in the SFEIR model (eq 1):
• CHij = Contact matrices between age groups i and j for Home
• CWij = Contact matrices between age groups i and j for Workplace
• CSij = Contact matrices between age groups i and j for Schools
• COij = Contact matrices between age groups i and j for Others
During lockdown, work and schools are closed, thus, CWij = C
S
ij is equal to 0. C
H
ij remains the
same as before lockdown. To fit to data (number of active cases), λi during lockdown is modelled
as:
λi = β
N∑
j=1
[CHij +
(
α1 − α2 ∗ (t− to)
) ∗ COij ] ∗ (EjNj ), (8)
where, α2 is the rate of decrease of probability of transmission and to is the time at which lockdown
starts. α1.β is probability of transmission at t = to for C
O
ij . In the case of complete lockdown, the
ideal value of α1 should be returned as equal to 1.
7TABLE I: Values of parameters used in SFEIR model.
Parameter Value References
σim for m= television 0.631 [20]
σim for m= community radio 0.29 [21]
σim for m= internet 0.234 [22]
σim for m= print media 0.148 [23]
ρim for m= television 0.41 [24]
ρim for m= community radio 0.41 [24]
ρim for m= internet 0.34 [24]
ρim for m= print media 0.55 [24]
TC 2 days Assumed
τ 2 days Assumed
βmin 0.5*β Assumed
β 0.0241± 0.0001 Fitted
α1 1.3277± 0.0028 Fitted
α2 0.0260± 0.0012 Fitted
γ−1E 5.2 days [25]
γ−1P 7 days [15]
Assumptions used for simulation of SFEIR model
1. ρim across all age groups is taken to be equal to average for total population due to non-
availabilty of data. Similarly, σim across all age groups is also taken equal to average for
total population, for same reasons. To get the effect of fear conditioning because of inter
group contacts, κ was varied and simulated as per part 3 of protocol.
2. κ and r are taken independent of time to reduce the complexity of model.
B. Protocol
1. SFEIR model is simulated for different values of κ and r. Both κ and r are kept same across
all the age groups in all the simulations, until specified specifically.
2. Effect of SFEIR model in conjunction with keeping schools closed is simulated for different
values of κ and r, keeping both same across all the age groups.
3. To examine the infections in elder people when young people are subjected to fear condi-
tioning, population is divided into following three groups:
(a) Group G1, of age 0-9 years,
(b) Group G2, of age 10-59 years, and,
(c) Group G3, of age 60-79 years,
Values of κ and r used in these three age groups are as following:
8(a) For group G1: κ = 0 and r = 0.
(b) For group G2: κ is varied across simulations from 0.1 to 0.6 in steps of 0.1 and r is
varied across simulations from 5 to 30 in steps of 5.
(c) For group G3: κ = 0.1 and r = 10.
4. Effect of keeping schools closed and fear conditioning among people of group G2 on infection
number among people of group G3 is evaluated.
C. Simulating SFEIR model on India specific COVID-19 data
First case of COVID-19 in India was reported on 30th January, 2020. Number of cases increased
to 3 by 3rd February, all of them were recovered by 20th February. There was no new case of infection
till 2nd March, after which number of cases started increasing rapidly. Therefore, 0th day in SFEIR
model is taken as 3rd March, 2020.
Time series for active cases was taken from [26]. Model was fitted to data using non-linear
square fit method. Differential equations were solved using RK4 method for time period of 500
days with step size of 0.05. Values of ρim and σim were taken from references mentioned in Table
I. All simulations were performed in python programming language.
III. RESULTS
We have used SFEIR (Susceptible Feared Exposed Infected Recovered) model to analyse the
post-lockdown phase emerging spread of COVID-19 in India. Parameters of our stratified model
are chosen on the basis of current available data of COVID-19. To begin with, we first fitted the
time series data of COVID-19 infections in India into a curve using non-linear least square fit Fig.
2. On fitting the active case data of India from 3rd March 2020 to 22nd April 2020, fit parameters
are obtained as α1 = 1.327, and α2 = 0.026. The value of α1 being returned slightly more than
the ideal case value 1 is probably due to the presence of incubation period and contact at work not
being exactly equal to zero (as COVID-19 warriors, e.g. health professional, police personals etc.
are still at work).
9FIG. 2: Non-linear least square fit on the currently available data of COVID-19 infections in India.
A. Comparing the three variants of SFEIR model
As discussed in the Methods section, whole population of India was divided into 16 classes of
different age groups. Simulations were performed for three cases, namely;
(I) without lockdown and without fear,
(II) with lockdown (for fixed number of days) but without fear, and,
(III) with lockdown (for fixed number of days) and with fear.
(a) (b)
FIG. 3: Effect of fear conditioning on infection dynamics in post-lockdown phase: (a)
Comparative simulation results among three cases, with x-axis representing the number of days
starting 3rd March and y-axis representing the number of infected individuals. Green colored curve
represents the scenario of simple SEIR model in the absence of lockdown, blue colored curve shows
SEIR model with lockdown implemented from day 21st to day 61st and red colored curve represents
the SFEIR model results with fear conditioning being implemented at 61st day. (b) Zoomed-in
portrayal of the results of three cases in smaller time scale with same color coding. Shaded regions
represent the uncertainty in simulation results. Values of κ and r are kept 0.6 and 10, respectively,
in both the Figures.
10
Case I is represented by green curve showing simulation results in the absence of lockdown. Case
II is represented by blue curve, and shows the results of lockdown intervention starting from 21st
day (March 24th) and continuing till 61st day (3rd May, 2020), after which contact matrix was set to
as it was before. Case III is represented by red curve, in which lockdown is implemented from 21st
day to 61st day along with SFEIR model implementation starting from 61st day. The simulation
was done for 500 days. A comparison among these cases indicates that lockdown has reduced the
number of new infections substantially, but there is an abrupt rise in number of infectious cases if
lockdown is lifted at one go. By implementing the SFEIR model from 61st day, the curve flattens
considerably resulting in further decrease of number of infections and its peak shifts to about 180th
day. Results are summarized in Fig. 3.
B. Variation of parameters
Effect of varying κ and r Here, we have analysed the role of κ (fraction of people who
are fear conditioned by media) and r (reward parameter) on the number of infected individuals.
For this, we varied κ from 0.1 to 0.6 with the step size of 0.1 and the value of r was fixed at 10.
Values of all other parameters were also kept constant as described in Table I. Decrease in peak
height and flattening of curve is observed as shown in Fig. 4a and 4b. This shift in peak arises
mainly due to the fact that feared population becomes infected with lesser probability than the
unfeared susceptible population. Along with κ, different values of r were also varied and analysed.
We varied the value of r from 5 to 30 with the step size of 5 and keeping the value of κ constant at
0.3. Flattening and profound shifting of curve is again observed with the increase in r values that
happens mainly because increase in reward increases the time of stay in fear compartment. These
results are shown in Fig. 4b.
We further analysed the pattern of peak height reduction due to variations in values of κ and
r. For that we calculated “peak height ratio” that is defined as ratio of peak height for parameter
x at two consecutive values of x i.e.
Peak height ratio =
Pi+1
Pi
(9)
Values of κ were varied from 0.1 to 1.0 in steps of 0.01. The peak height ratio follows sigmoidal
pattern as seen in Fig. 4c that starts saturating around 0.3. Values of r were varied from 0 to
110 in steps of 1. The peak height ratio in this case also follows the sigmoidal pattern as shown in
Fig. 4d. This sigmoidal curve starts saturating around r=30.
Effects of varying the parameters κ and r on feared population are shown in the Fig. 4e and
4f, respectively, that results in increasing the number of feared population in post-lockdown phase
and thereby helps in reducing the number of infections due to spread of COVID-19.
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(a) (b)
(c) (d)
(e) (f)
FIG. 4: Impact of varying k and r (regulating fear-conditioning and reward, respec-
tively) on infection dynamics: (a) Simulation results for different κ values with r fixed at 10
showing that the peak height is decreasing with increasing κ values. (b) simulation results for
different r values with κ fixed at 0.3. Flattening and profound shifting of curve is apparent with
increase in r. Peak height ratios with variations in κ and r are plotted in (c) and (d), both of these
patterns follow sigmoidal curve. Increase in the number of feared people with varying the values
of κ and r can be seen clearly in (e) and (f), respectively. Vertical blue line at 61st day represents
the lifting of lockdown. 0th day is 3rd March, 2020.
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Phase space: To quantify the effect of simultaneously varying κ and r on severity of pandemic,
variable V , defined as ratio of peak height of curve to the full width at half maxima, is plotted.
V =
Peak height
Full width at half maxima
(10)
Smaller the value V , lesser will be the effect of pandemic. In Fig. 5, as the value of κ and r
increases, value of V decreases. V starts saturating when κ and r values become greater than 0.3
and 30, simultaneously.
FIG. 5: Phase space of κ and r mediated modulations on infection curve: Each matrix
element represents the parameter V of infection curve, calculated as the ratio of its peak height to
the full width at half maxima for that value of κ and r.
C. Effect of keeping schools closed in post-lockdown phase
Closure of schools is one of the most often considered non-pharmaceutical intervention to control
a pandemic [27]. In this section, we first analyse the effect of keeping schools closed after the
lockdown is over i.e. on 61st day (3rd May in present scenario), in the absence of fear. This is
done by keeping the values of contact matrix of school, CSij = 0. As seen in Fig. 6a, this step,
while shifting the peak of the curve, reduces the height of peak to approximately 35
th
of the original
curve. Hence, it may be concluded that by just keeping schools closed and opening all other places
after the lockdown will not have substantial effect on the containment of epidemic.
In order to decipher the effect of media induced fear, we simulated the effect of closing schools
in the proposed SFEIR model and observed a drastic reduction in number of infected individuals.
The curve becomes considerably flat, as shown in Fig. 6b.
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(a) (b)
(c) (d)
(e) (f)
FIG. 6: Forecast of post-lockdown epidemic progression in schema of fear conditioning
with closed schools: (a) Comparative simulation results among three cases: Green colored curve
represents the scenario of simple SEIR model in the absence of lockdown, blue colored curve shows
SEIR model with the effect of lockdown implemented from day 21st to day 61st and red colored
curve represents the effect of keeping schools closed in post-lockdown phase (after 61st day). (b)
Green and blue coloured curve represents the same scenario as in (a), red colour curve represents
the effect of SFEIR model in conjunction with keeping schools closed in post-lockdown phase.
While keeping the schools closed, (c) simulation results for different κ values with r fixed at 10 and
(d) simulation results for different r values with κ fixed at 0.3. Both (e) and (f) shows the smaller
time plot of (c) and (d), respectively. 0th day is 3rd March and vertical blue line at 61st day (3rd
May) signifies the day of lockdown ending.
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Variation of κ We tried to analyse the effect of varying κ while keeping the schools closed.
We first kept r fixed at value of 10 and varied κ from 0.1 to 0.6 with step size of 0.1. As the value of
κ increases, curve almost becomes flat with curve peak height at around 250 days for κ =0.2 (shown
in Fig. 6c. The peak height of curve shifts further at around 350 days with further flattening
of curve as κ increases to 0.3. Thus, keeping schools closed in post-lockdown simultaneously with
the fear induced conditional learning can have drastic effect in reducing the number of infected
individuals. Fig. 6e shows the smaller time frame of Fig. 6c, in which it can be clearly seen that
the slope of curve decreases sharply as the value of κ increases.
Variation of r To see the effect of r in conjunction with keeping schools closed, we kept κ
at a constant value of 0.3 and varied r from 5 to 30 with the step size of 5. The curve peak for r
= 5 shifts to 250th day and raising r to 10 further shifts the peak to around 350th day as well as
flattens it significantly as shown in Fig. 6d. In smaller time frame, in Fig. 6f, it can be easily
seen that as r increases, slope of the curve decreases.
D. Comparative analysis of fear conditioning with schools closure for different time periods
Here, we have analysed the time needed to keep schools closed along with the intensity of
fear conditioning (characterized by κ and r) required for controlling the COVID-19 pandemic
in post-lockdown phase in India. We chose two set of values of κ and r from 4c and 4d one
belonging to transition and and the other belonging to saturation phase of respective sigmoidal
curves. Thus, four cases were designed:
Case I: κ (in transition phase) = 0.2 and r (in transition phase) = 10 7a
Case II: κ (in transition phase) = 0.2 and r (in saturation phase) = 40 7b
Case III: κ (in saturation phase) = 0.6 and r (in transition phase) = 10 7c
Case IV: κ (in saturation phase) = 0.6 and r (in saturation phase) = 40 7d
For each case, different time periods of keeping schools closed were plotted starting from 61
days (i.e. 3rd May, in present scenario) to 451 days with step size of 30 days. In case I, severity
of pandemic is still substantial and effect of schools closure does not have much effect. In cases
II and III, if schools are kept closed, exponential increase in number of infections is halted. This
will constraint the growth of pandemic but as soon as schools are repopened, number of infections
will spike upward. Therefore, schools need to be kept closed for indefinite period, which is not
at all practical. However this combination can control the epidemic spread till the vaccines and
medicines are available. Results are summarized in 7b and 7c . In case IV, as shown in 7d, the
curve has a negative slope if schools are kept closed. The number of cases reduces to less than
1,000 if schools are opened after 451 days (by May end 2021) from 3rd March, 2020. Therefore, κ
and r values both in saturation phase can have a significant effect in constraining the pandemic.
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(a) (b)
(c) (d)
FIG. 7: Comparative simulations of schools closure duration and fear conditioning
intensity for different time periods. Simulation results show when κ and r were kept at 0.2
and 10 in (a), κ and r were kept at 0.2 and 40 in (b), κ and r were kept at 0.6 and 10 in (c) and
κ and r were kept at 0.6 and 40 in (d). 0th day is 3rd March and 61st day (3rd May) signifies the
day of lockdown ending. In each panel, differently colored trajectories correspond to the infection
dynamics on that day of schools opening. It can be seen in panel (d) that closing schools upto 450
days can bring the number of infections below 1,000.
E. Effect on infections due to fear conditioning on specific age-groups
Effect of varying κ among young and middle age population on old age population
Across the world, critical care admission and mortality rate have been highest in people with age
greater than 60 [28–31]. Hence, we checked what will be the effect of increasing fear conditioning
among young and middle aged people on the infections in old individuals. For this, we divided the
number of infected individuals into three groups: G1, 0- 9 years old; G2, 10-59 years old; G3, 60-79
years old.
To realise the same, we fixed the values of κ to 0 for G1 and 0.1 for the G3, and varied κ for G2
keeping the reward r equal to 0 for group G1 (as κ is zero for this group, it doesn’t matter what
value of r is used) and 10 for other two groups.
In Fig. 8a, it can be seen that increasing the κ in G2 reduces the number of infections in G3.
If schools are also kept closed, infection numbers reduced further as shown in 8b. Thus, keeping
16
schools closed and inducing information based fear conditioning among young and middle-age group
population can significantly reduce the infections among older population in post-lockdown period.
Reduction in peak height and flattening of curve expound the effect of fear.
Effect of varying r among young and middle age population on old age population
Lastly, effect of varying reward r among young and middle age group was evaluated on infections
among old age people. κ for G1 was kept at 0, for G3 at 0.1 and for G2 at 0.3. Reward parameter r
was kept 0 for G1, 10 for G3 and was varied from 0 to 30 in steps of 5 for G2. Number of infectious
individuals among members of G3 reduces as seen in Fig. 8c and 8d. When supplemented with
keeping schools closed in post lock-down phase, number of infections among G3 were observed to
be further reduced, as shown in Fig. 8d.
(a) (b)
(c) (d)
FIG. 8: Infections in old age people when middle aged are fear conditioned: (a) Simu-
lation results of varying κ in G2 on infections in G3, r was kept fixed at 10 in G2 and G3 and 0 in
G1, κ was kept fixed at 0 in G1 and 0.1 in G3. (b) Effect of keeping schools closed and varying κ
in G2 on population in G3. All other parameters were kept same as in (a). (c) Simulation results
of varying r in G2 on infections in G3 , κ was kept fixed at 0.1 in G2 and G3 and 0 in G1, r was
kept fixed at 0 in G1 and 10 in G3. (d) Effect of keeping schools closed and varying r in G2 on
population in G3. All other parameters were kept same as in (b). Note that y-axes in panels (b)
and (d) are on the order of 106 and in panels (a) and (c) are on the order of 107.
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IV. DISCUSSION
Fear is an emotion that plays an important role in the survival of an individual. Mass media
(like, television, community radio, internet and print media etc.), having ability to disseminate the
information to a lot of people even in remote areas, can also very easily propagate the fear about
a disease among masses. Thus, its proper usage can affect the course of progression of COVID-19
as was observed during polio vaccination programs [32]. To highlight the importance of media in
order to make community driven changes rather than forced interventions from government, in this
work, we modelled the media induced fear conditioning supplemented by positive reinforcement in
the Indian population. Reward parameter r, quantifying the effect of positive reinforcement via
various media platforms, was used as an abstract parameter that can represent various methods of
positive reinforcement, like, praise for having certain beliefs that may be accorded by the social,
religious and political leaders. The simulation results show that if more people become fearful,
the number of COVID-19 infections will decrease significantly. This manifests mainly because
fearful people will socialize less [5] and will take more precautions in their daily life. Excessive fear
conditioning can result in abnormal behaviours, like, specific phobias [33] and obsessive compulsive
disorder [34]. Therefore, care must be taken while developing practical methods of implementing
fear conditioning so as to minimize the risk of such abnormal behaviors.
The SFEIR model also predicted that only keeping schools closed in post-lockdown phase while
opening everything else will not substantially reduce the total number of infections, a finding that
has also been reported in [35]. However, SFIER model predicts that if paired with moderately
high fear conditioning, schools closure can have a significant effect on mitigating COVID-19 spread.
This can be explained by the fact that keeping the schools closed decreases the number of contacts
significantly for younger generation aged 0-30 [12] but does not alter the probability of infection.
Fear conditioning on the other hand works by reducing the probability of transmission as well
as the number of contacts. Therefore, when two of these are used simultaneously, probability of
infection transmission decreases significantly.
Against COVID-19 pandemic, people in the age group G3 have been found to have the highest
propensity of being admitted to ICUs and also have the highest mortality rate [28]. One of the
important predictions of the model is that if people in age-group 10-59 (G2) are fearful, this will
have a substantial effect on number of infections in age group 60-79 (G3). In India, people of all the
generations interact with each other within home (as depicted in Fig 9). So, if people in age group
(10-59) are sufficiently fear conditioned, the probability of maintaining physical distance among
these two groups will increase leading to effectively decreasing the number of infections in older
generation even if older generation is not enough fear conditioned. In conjunction to this, keeping
the schools closed in the post-lockdown phase can further reduce the number of infections among
group G3. This can be explained by the fact that India has higher probability of contact between
people in age group 0-29 and age group 60-79 as seen for the contact data at home shown in Fig.
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9 below.
FIG. 9: Age structured home interactions in India. At home, people of all generations
interact with each other in India. Data taken from [12].
Limitations of the present study: First, lack of proper age-structured data on media
consumption limits the scope of model simulation. Second, standard deviation in fear time can be
huge as it is also dependent upon personality of an individual. Third, reward parameter, r and
fraction of people developing fear κ both should ideally be time dependent, but we have taken
these as constant parameters.
V. CONCLUSION AND POLICY PERSPECTIVES
To the best of our knowledge, the SFEIR model developed in this work is the first attempt to
incorporate media induced fear in mitigating the COVID-19 pandemic. The model predicts that
fear conditioning via mass media might be a helpful strategy in reducing the COVID-19 infections
in post-lockdown phase. Increasing fraction of people in fear compartment by classical conditioning
and increasing fear time by operant conditioning reduced the number of infections significantly.
If used in conjunction with keeping schools closed in post-lockdown phase, substantial reduction
in number of infections was observed. We also examined the differential fear conditioning on
different age groups in controlling the infections in elderly people. If fear conditioning is increased
on individuals of age 10-59 years (group G2) and exempted on kids of age 0-9 years (group G1),
number of infections in senior citizens of age 60-79 (group G3), known to have highest mortality
and hospitalization rate, is found to be reduced significantly. This condition of media induced
fear supplemented with closed schools in post-lockdown phase can further decrease the number of
infections in elderly people.
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We propose that the presented schema of media induced fear conditioning augmented with clos-
ing of schools (including colleges and universities) in post-lockdown phase can serve as an important
non-pharmaceutical intervention to prevent healthcare system from getting overburdened.
At the same time, along the lines of [36], we would like to state that modelling results should not
be interpreted as the policy guidelines too strictly. We would like to add one more precaution that,
although, it is being proposed to keep the schools and universities closed for long time alongwith
media induced fear, it should not be construed as proposing that other places of mass gatherings
can be opened immediately. We would like to further state that our results may be treated as the
guiding factor for making policy interventions but it does not mean to say that media should start
showing COVID-19 news 24x7 hours. Of course, it will have a positive effect on smoothening the
curve but maintaining a balance in media streaming is necessary so as to not induce fear psychosis
in the citizens. Social, religious as well as political leaders have the capability and responsibility
to supplement positive reinforcement for this media induced fear.
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